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Abstract
of biological and mineral resources, making the deployment

The underwater environment contains a wealth

of autonomous underwater vehicles (AUVs) essential for
exploration and development. Despite years of research in
data-driven machine vision techniques, the offline collection
of underwater data remains quite difficult compared to terres-
trial samples. This paper focuses on online object exploration
in underwater environments without manual intervention,
including sub-tasks of close- and open-set detection, fine-
grained novel-class subdivision, and few-shot incremental
learning. To address this challenge, we start with a few-shot
detector for detecting known classes and propose an open-
set detector for exploring novel categories. The open-set
detector can model unseen objects with fused semantics-
localization cues and discrepancy-enhanced representation.
Furthermore, we design detector-driven clustering to subdi-
vide novel objects into an arbitrary number of novel classes
as pseudo-labels. Finally, incremental learning is performed
to model novel-category representation while maintaining
base-class knowledge, where gradient rescaling and knowl-
edge distillation strategies are designed to avoid catastrophic
forgetting. Overall, our proposed framework, called O*Exp,
can autonomously explore objects in unstructured underwater
environments. Extensive experiments with public datasets
and real-world tests verify the accuracy, robustness, and
practicality of the proposed O*Exp framework.
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1 Introduction

The underwater environments contain rich mineral and bi-
ological resources, but currently, only a small portion of
them has been explored. In recent years, numerous studies
have focused on autonomous underwater exploration and
scene understanding using autonomous underwater vehicles
(AUVs). Under this background, visual perception methods
play an important role, and object detection is one of the
crucial techniques to achieve intelligent understanding and
analysis [1-3].

Existing object detection models are generally constrained
to the predefined categories present in the training datasets.
[4, 5]. For example, in autonomous grasping tasks, pre-defined
classes of marine organisms are detected and grasped in the
underwater environment [6]. However, compared to terrestrial
scenes, acquiring image data in underwater environments
is more challenging. Thus, available underwater detection
datasets are limited and contain only a few object categories
[7]. Therefore, existing object detection methods make it hard
to accurately detect various novel objects from categories that
were not included in the training set (i.e., unseen classes).
As a result, autonomous visual exploration for open-world
underwater scenes has rarely been studied.

To relieve the above-mentioned issue of data collec-
tion, many studies focus on open-set object detection.
Dhamija et al., for the first time, formalize the problem of the
open-set detection to detect objects beyond annotations [8]. In
addition, Joseph et al. introduce a new challenge where the ob-
ject detector is capable of incremental learning [9], combining
open-set and incremental object detection as an open-world
detection task. However, in previous studies, the training sam-
ples of incremental learning are offline labeled with manual
efforts, hindering the formation of an autonomous system [].
Therefore, a purely online task for object detection should be
investigated for real-world autonomous exploration.

In this paper, for accurate detection of both known and
novel objects during autonomous underwater perception, we
study the task of online object exploration with four-fold
objectives, as illustrated in Figure 1. First, detect known
categories that are included in the training data. Second,
detect novel categories beyond the training set, i.e., open-set
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Fig. 1 Tllustration of online object exploration task. The O*Exp
framework is designed for effective online object exploration with
open-set detection, fine-grained novel-category subdivision, and
few-shot incremental learning.
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detection. Third, subdivide novel objects into fine-grained
novel categories. Last, model novel categories with few-shot
incremental learning. The whole process is fully autonomous
without the need for manual intervention.

We develop a visual perception framework for the Online
Object Exploration task, namely O’Exp, with close- and
open-set detectors. We employ our previous work, Binary
Similarity Few-Shot Detector (BSDet) [
detection task. In the meantime, BSDet is also responsible

], for the close-set

for constructing a representation library and performing in-
cremental learning on newly discovered samples. To explore
novel objects, we propose an open-set detector with seman-
tics and localization cues (OpenSLD), where the novel-class
detection performance is further improved by pseudo-label se-
lection (PLS) and discrepancy enhancement module (DEM).
Conventional open-set detectors can only classify novel-class
objects as a single category of “unknown”, without the ability
to further differentiate them. To address this issue, we propose
a detector-driven clustering (DetClust) that can produce an
arbitrary number of novel categories. Besides, DetClust can
be well integrated with BSDet-based object representation by
using cosine similarity as the clustering metric. Furthermore,
gradient rescaling and knowledge distillation strategies are
designed to maintain base representations during few-shot in-
cremental learning, avoiding catastrophic forgetting. Finally,
we verify our framework with extensive experiments based
on public datasets and real-world applications.

Our main contributions are summarized as follows:

* We propose an O?Exp framework to solve the challenging
problem of online object exploration, including known-
and novel-class detection, fine-grained novel-category
subdivision, and few-shot incremental learning.

* We propose OpenSLD for open-set object detection with
both semantics and localization cues, where PLS and
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DEM are designed to improve the novel-class detection
performance.

* We introduce a DetClust method to subdivide novel
objects into fine-grained novel categories. We also de-
velop gradient rescaling and distillation strategies to
avoid knowledge forgetting during incremental learning
of novel samples.

* The superiority of the proposed O*Exp framework is
validated by comparing related studies on public datasets
and performing the task of online object exploration in
real-world unstructured underwater environments.

Beyond existing offline algorithms (e.g., [11-13]), our

framework achieves a systematic breakthrough by establishing

a fully autonomous, real-time, online exploration paradigm

for unstructured underwater environments, and a practical

breakthrough by enabling AUVs to continuously evolve their
knowledge base in the wild.

2 Related Work
2.1 Underwater Object Detection

Autonomous underwater vehicles with optical vision systems
are commonly used to explore underwater environments and
objects [14]. Despite advancements in deep learning, under-
water object detection faces challenges such as low image
quality, limited datasets, and domain shifts. Recent efforts
have aimed to address these issues. Chen et al. analyzed
detection mechanisms in optically degraded underwater envi-
ronments, demonstrating the importance of image restoration
for effective object detection, and an anchor-offset detection
model for underwater objects was later proposed [15, 16].
Fan et al. enhanced detection performance by restoring de-
]. Hua et al.
proposed feature enhancement and progressive dynamic ag-

graded underwater images at the feature level [

gregation strategies to improve detection performance in
]. The above methods follow the tradi-
tional detection paradigm, which is constrained by the data

underwater images [

collection and annotation.

Rather than apply traditional detection methods within
the underwater scenes, this paper aims to build a unified
framework of online object exploration, including known-
and novel-class detection, fine-grained novel-category subdi-
vision, and incremental exploration for underwater objects.

2.2 Open-Set Object Detection

To address the challenge of detection beyond dataset, an
open-set detection task is explored, enabling the detector to
be aware of novel-class objects [8, 9, 19].
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Fig.2 Overview of our proposed O’Exp framework for online object exploration task. We employ BSDet and OpenSLD to detect known
and novel objects, respectively. Then, a DetClust method is designed to subdivide newly discovered objects into fine-grained novel classes,

which serve as pseudo labels for few-shot incremental learning.

Dhamija et al. formalize the problem and introduce evalua-
tion metrics for this task [8]. Joseph et al. employed clustering-
and energy-based approaches to distinguish known- and novel-
class objects [19]. However, this method requires full anno-
tation information during inference, which is infeasible for
real-world applications. Based on DETR [20], Gupta et al.
predicted novel classes based on the query embedding and
introduced the OW-DETR detector for open-set detection
[11]. OW-DETR introduces a foreground prediction branch
to enhance the detection performance of novel classes by dis-
criminating them from the background. However, OW-DETR
relies entirely on the encoding features for pseudo-label se-
lection without supervision and suffers from confusion issues
between known- and novel-class objects. Kim et al. proposed
an innovative region proposal approach, termed Object Lo-
calization Network (OLN) [21]. Diverging from RPN, OLN
employs the centerness as a foreground confidence score.
Nevertheless, owing to the absence of semantic guidance,
OLN may inadvertently yield false negatives. Wu et al. pro-
posed UC-OWOD that can detect objects in fine-grained novel

classes [22], but the number of novel categories should be
manually defined, making it unsuitable for online tasks.

In contrast, in this paper, we pose an online object ex-
ploration challenge and develop a visual perception frame-
work for open-world object detection and exploration in a
purely online manner. For open-set detection, we propose
a semantics-localization fused region proposal and a dis-
crepancy enhancement module to improve the awareness of
novel-class objects.

2.3 Clustering

Clustering is an unsupervised algorithm aimed at partitioning
samples into multiple clusters based on data similarity. Com-
monly used clustering methods include partition-based, hier-
archical, density-based, and grid-based approaches. Partition-
based methods aim to subdivide all samples into multiple
clusters based on minimizing distances, where widely uti-
lized algorithms include K-means [12], K-medoids [23], and
PAM [24]. Hierarchical methods construct samples into a
tree structure and then decompose them according to hierar-
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chy through aggregation or division [25, 26]. Density-based
methods utilize the density of sample points for clustering
[27, 28]. Specifically, they determine whether the density of a
sample point exceeds a density threshold and assign samples
to the nearest cluster. Grid-based methods map samples into
grid cells and determine their density within these cells [29].
Then, adjacent dense grid cells are grouped together. Recently,
deep learning-based methods are studied by employing deep
neural networks to extract high-level features for clustering
[30, 31]. Because deep features have semantically expressive
information, the clustering performance is improved.

In this paper, we use the idea of clustering for fine-grained
novel-class subdivision.

2.4 Incremental learning

Incremental learning refers to the ability to continuously
acquire new knowledge (i.e., novel categories) while retain-
ing previously learned information. Popular methods can be
divided into three types based on model structure, replay,
and regularization. Model structure-based methods typically
modify the model structure, such as expanding model param-
]. This
allows the model parameters to have a larger capacity, thus

eters based on a topological graph structure [32,

maintaining recognition accuracy for known-class objects.
However, modifying the model can increase computational
and storage costs.

Regularization-based methods use knowledge distillation
(KD) as a regularization term to prevent the model from
] first in-
troduces distillation into incremental learning by constraining

forgetting [34-36]. Learning without Forgetting [
the new model to match the output logits of the old model,
enabling knowledge preservation without storing old data.
Subsequent methods enhance distillation by addressing class
imbalance and representation drift. Hou et al. [37] perform
feature-level distillation and adopt cosine-normalized clas-
sifiers to reduce bias toward new classes. Wu et al. [38]
explicitly corrects classifier bias via a post-hoc calibration
layer. More recent approaches, such as PODNet [35], extend
distillation to multi-layer feature statistics, demonstrating that
preserving intermediate representations is critical for long-
term incremental performance. Overall, KD-based methods
form the dominant paradigm for mitigating catastrophic for-
getting in incremental learning. However, they require the
inference of the base model during the process of learning
novel-class objects, leading to increased training time.
Replay-based methods store samples or features of known-

class objects and then train them together with novel-class
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samples to avoid knowledge forgetting [13, 39, 40]. Nonethe-
less, the online-discovered class usually has few-shot samples,
and the replay mechanism is not effective enough for few-shot
incremental learning.

In this paper, we introduce gradient scaling and knowledge
distillation strategies to replay-based methods to preserve

base knowledge under a few-shot condition.

3 Approach

For underwater object exploration, this paper proposes the
OExp framework, as illustrated in Figure 2. The framework
consists of two detectors: BSDet [10] for detecting known-
class objects (Section 3.1) and OpenSLD for detecting novel-
class objects (Section 3.2). Besides, fine-grained novel-class
clustering (Section 3.3) and few-shot incremental learning
(Section 3.4) will be introduced for the modeling of novelly
discovered categories. We redirect the readers to the Appendix

for the workflow of O*Exp.

3.1 Preliminary: Close-set Detection with BSDet

For few-shot object detection, a binary similarity detector (i.e.,
BSDet) has been previously designed. Specifically, BSDet
models semantic categories with representative vectors r, and
the detection is based on the similarity between r and the Rol
features. In addition, a binary similarity head is leveraged
to pose the classification task as multiple binary similarity
measurements rather than a multi-class prediction. Moreover,
focusing on the hard negative samples, BSDet includes a
feature enhancement module, which can push the features of
positive and hard negative samples far away from each other
during training and thus effectively suppress false positives.
As a result, BSDet achieves superior performance on the
few-shot object detection task. We draw the readers’ attention
to [10] for more details.

Built upon previous work BSDet [ 10], this paper transcends
the role of a static detector by forming a closed-loop system
that includes unknown discovery, fine-grained subdivision,
and online knowledge evolution.

3.2 Open-Set Detection with OpenSLD

As shown in Figure 3, we propose an open-set object detec-
tion method based on Faster RCNN [4 1], called OpenSLD.
For a given input image, the backbone network and FPN
[42] perform multi-scale feature extraction. Also, we design
fused RPN (FRPN) to predict region proposals and pseudo-
label selection (PLS) to determine pseudo annotations for
novel-class objects. After obtaining the proposal regions,
Rol pooling is performed to extract Rol features, which are
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Fig. 3 The training process of OpenSLD.

then used for classification and localization predictions. The
classification and localization heads are inherited from Faster
RCNN. Additionally, we design a discrepancy enhancement
module (DEM) to increase the contrast between known- or
novel-class representations during training.

FRPN. RPN predicts foreground probability for each anchor
box with only a classification cue, and it could assign potential
novel-class objects as background during training, resulting
in poor recall rates for novel-class objects during inference.
In contrast, FRPN aims to predict centerness, classification,
and localization for each anchor box, where the centerness is
to represent the deviation between the predicted position and
the object center.

By fusing the centerness cent and classification confi-
dence py4, we use objectness obj to represent the foreground
confidence of a region proposal as follows,

obj = \/cent - pyg. (D
During training, we utilize the binary cross-entropy loss
function as the training objective:
Lispn = —(1 = pfy)log(l = prg) — pf,log(prg), (2)
where * denotes the ground truth. In addition, we design the
ground truth of centerness as:

. min(l*, r*)
cent” = X
max(I*,r*)

where [*, r* t*, b* are left-, right-, top-, and bottom-distances

min(¢*, b*)
max(t*, b*)’

3)

between the anchor center and ground-truth bounding box.
The training of both centerness and localization can be for-

mulated with L1 loss:

L5Ept, v = ||cent — cent™ ||y

; 4)

L?%PN = ||b_ b*||1

Algorithm 1 Pseudo-label selection
[1] Set thresholds arou, Qtobj, @t fuse. Apply FRPN to obtain
region proposals R and obj. Vr € R, calculate JToUS” .
R ={r|r € R, ToUST < ajov, objr > aobj} VT € R,
predict IoU value ToU.,.. conf, = v/obj, - [oU,.
R = {r|r € R,confr > afusec}. Apply NMS to R.
Apply localization head to R as the pseudo labels.

NMS Pseudo-labels Training labels

Fig. 4 The effect of PLS to construct training labels.

where b is the predicted bounding boxes. Finally, the loss
function of FRPN can be given as:

Lrrpn = Léspn + Ly + LiRpN- )

PLS. For learning newly discovered objects, we construct
pseudo-labels as their annotation. The workflow of PLS is
presented in Algorithm 1. First, use FRPN to obtain region
proposals . Next, to ensure that generated pseudo-labels only
contain potential novel-class objects, the pseudo-labels should
have a small overlap with annotated boxes of known-class
objects. Therefore, the candidates are filtered by pre-defined
thresholds a7,y and avgp. To further improve the quality of
region proposals, we use a fully connected layer to predict the
IoU value for each candidate, then fuse IoU and objectness
as the final confidence. Based on the confidence, threshold
O fyse, and NMS, the candidates are further filtered. Finally,
we use the localization head to refine the reserved region
proposals as the pseudo-labels. The effect of PLS is illustrated
in Figure 4. The IoU branch is essential in PLS, and we use
L1 loss for training, i.e., L,y = ||[IoU — IoU*||;.

DEM. To alleviate the issue of confusion between known
and novel classes, we propose DEM to provide constraints on
similarity, energy, and classification in training.

First, we design similarity-based enhancement. In general,
objects in the same category should have a higher level of
feature similarity than those in different categories. However,
the traditional classification task fails to model the similarity.
Inspired by BSDet, we build a library of learnable represen-
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tative vectors for known classes. For an ROI feature x, we

calculate the Gaussian-activated cosine similarity:

X-r;

cos; = sim; = exp (—n(1 — cos;)?), (6)

[l sl
where r; is the representative vector for class ¢ and 7 is a
hyperparameter.

We use focal loss for training as follows,

Ni+1 . )
L‘g%’ds _ i —B(1 — sim;)V log(sim;), I; =1
—(1 = B)sim] log(1 — sim;), 1; =0
@)

where (3, v are hyper-parameters, and [ is the one-hot class

i=1

vector where [; = 1 at the index of ground-truth class ¢*.
Furthermore, we use the triplet loss to enhance inter-class
similarity distance:

L}%’d“t = ReLU (rggx c0S; — COSi+ + 6) ,  (®
where § represents the lower limit of the expected difference
between different categories. The triplet loss can ensure the
validity of representative vectors.

Second, we design an energy-based enhancement. In the
popular energy model [43], an energy term E(a,b) can
measure the matching level between the inputs. Accordingly,
we use the Gibbs distribution to obtain the classification
probability for an ROI feature x and class ¢ as follows,

e~ E(x1) e~ E(x1)

[ e EGed) T B

pli[x) = ©)

Additionally, the classification head of OpenSLD can be
denoted as f(x) : R? — R™7, where D is the dimension of
x,and Ny = Ny + 2 with N known classes, a novel class,
and a background class. Based on the softmax function, the
category probability predicted by the classification head is
given as:

efi (x)

- = (10)
N )
SN i)

plilx) =

where f;(x) is the ith channel of f(x). By comparing Egs. (9)
and (10), we set E(x,1) = — f;(x).

According to Helmholtz free energy [44], the energy of

Rol features is given as:

Ny,
E*(x) = —log Z e~ B0
i=1

E"(x) = —loge #0014

; (1)

where E*(x) and E"(x) denote the level of match between
x and known or novel classes.

We design a loss function that constrains energy terms
with positive training samples. For known-class samples,
we expect lower known-class energy and higher novel-class
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energy, and vice versa. The loss function is given as:
Leng _ {LEk(x) — E'| + |E" — E¥(x)], x is known

PE 1 |EM" — EF(x)| + | E*(x) — E'], x is novel

12)
where E', E are parameters; |- | denotes maz (-, 0).

Third, we design classification-based enhancement. In
general, the training of classification tends to balance all
categories with a weak ability to model known and novel
classes. Thus, we design an extra binary classification head
as an auxiliary, i.e., f b(x) : RP — R. During, training, the
background samples are not included in optimizing f5.

We use binary cross-entropy as the training loss:

be _ —log(f*(x)), x is known
Foe = {— log(1 — f*(x)),x is novel (3)

Overall, the loss function of OpenSLD is formulated as:
L =ArrpNLFrrPN + ArouL1ou + NocLioc + AcisLels

+ App(LBE" + LEE + Ly + Lisp)
(14)
where A is the balance item, and L, L;,. are classification

and localization losses [41].

3.3 Novel-Class Subdivision with DetClust

OpenSLD treats all novel objects as a single “unknown”
category without subdividing objects into different novel
classes. To address this issue, we introduce a clustering
method, called DetClust, which measures cosine similarity
between different samples driven by BSDet’s representation.
Hence, the sample features have an inherent relation and
discrimination based on BSDet, which helps improve the
accuracy of clustering.

The DetClust algorithm can be divided into two parts: 1)
initialization of the cluster centers and 2) optimization of
the final clusters. Because of the varying number of novel
categories, an adaptive method is designed to determine the
number of clusters and select the initial cluster centers.

We introduce the cosine density to measure the distance of a
sample from the cluster center. Figure 5 illustrates the sample
distribution with three clusters, and darker colors represent
higher cosine densities. The calculation of cosine density is
based on Rol features {x1, X3, ..., X;,, } from BSDet. As shown
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in Figure 5, we calculate the pair-wise cosine similarities of
the samples to obtain the cosine similarity matrix C'S. Then,
we use the average of top-K values as the density C'D:
S st

I .
Next, to select the first initial cluster center from the sam-

Xi'Xj

CS; ;= CD; = (15)

[l - 1|1

ples, we define the cluster center score score_c to represent
the confidence that a sample belongs to the initial clus-
ter center. We use cosine density to initialize score_c, i.e.,
score_c! = CD, and leverage the samples with the highest
score_c! as the first cluster centers c1:

il = score,c%, (16)

¢ argmax

C1 = X; 1.
i€{1,2,...,m}

Then, the remaining initial cluster centers are selected
iteratively. Note that the probability of a sample belonging to
anew cluster is negatively correlated with the cosine similarity
between the sample and the existing cluster centers. Therefore,

we update score_c with previously obtained centers:

score_cit" = score_ci 1. (1 — max(0, CSZ»7Z.?€T_1)2> ,
a7

where iter > 1 is the iteration step. Based on the above

operation, the score of samples that are close to existing

centers is suppressed. Hence, a new cluster center can be

given as:

-iter iter

1, " = argmax scorec; ",
i€{1,2,....m}

(18)

Citer = Xi'{i‘ter.

Finally, the iteration stops, if max; score_ci®*" < T¢,
where T is a pre-defined threshold.

Furthermore, an optimization process is conducted on
the initial cluster centers based on cosine similarity and the
K-means algorithm [12] to obtain the final cluster centers.
Then, the cluster results [* are produced. The workflow of

the DetClust algorithm is shown in the Appendix.

3.4 Few-Shot Incremental Learning

Online-discovered categories typically contain only a limited
number of samples (i.e., a few-shot scenario), which could
induce catastrophic forgetting during incremental learning.
We employ the iCaRL method [
shot samples with the following strategies to preserve the

] to learn discovered few-

known knowledge.

Gradient Rescaling. Figure 6 illustrates the flow of BSDet,
where black and red arrows represent the forward propagation
and gradient backpropagation, respectively. Each module
has a distinct role: 1) the backbone network is responsible
for extracting features from the input image, 2) the RPN
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h
proposal

<«
Backbone —— Feature

Input image /

i Forward flow i
5

Backwar
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Fig. 6 Gradient rescaling for BSDet during the incremental learn-
ing.

predicts region proposals, and 3) the detection head handles
classification and localization predictions. During pre-training
on known classes, a large amount of data is included. Thus, the
features extracted by the backbone involve general visual and
semantic information with class-agnostic properties. However,
for incremental learning on novel-class samples, the small
number of samples could lead to overfitting, resulting in
catastrophic forgetting of known-class knowledge. Unlike the
backbone, the RPN and detection head are directly related to
the detection results and have fewer parameters. Therefore, the
RPN and detection head should be primarily used to adapt to
novel classes, while the backbone network should be slightly
updated to maintain the robustness of feature extraction.

We denote the parameters of backbone, RPN, and detection
head as 0y, 0,., 0;, and loss functions for RPN and detection
head as L,., L. During training, it is obvious that #,. and 6},
are only impacted by L, and Ly, respectively. However, the
gradient of the backbone is affected by both loss functions
that can be given as:
= 0o, Ol _ OL, OF , 0Ly OF (19)

a0, 06, OF 06, = OF 006,

where F' is the backbone feature. With the gradient, parame-

Vs

ters can be updated with a learning rate ~:

oL, OF 0L OF
ebobwebebv(aF% 6;8%).(20)

To better control the influence of L, and L; on 6, we

introduces gradient rescaling factors A, A, during the back-
propagation to the backbone network as follows,

=ty (1, 2LOF 0L OF
b TIN\ N BE 90, T M OF 06, on
gb’y()\aLT+>\haLh>M

" OF aF ) 6,

That is, the gradients from L, and Ly, are scaled by factors
at I, as shown in Figure 6.
Knowledge Distillation. In incremental learning methods,
knowledge distillation on features or classification predic-
tion is usually used to maintain the performance on base
tasks [34,
inference of the base model during optimization, increasing
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training costs. To tackle this problem, we devise knowledge
distillation specifically for the representative vectors of BS-
Det to preserve the representations of known classes. In
detail, the representative vectors trained on the known classes
B) try k }7
while those in incremental learning are student vectors r =
{r17 ro, ... s 'Ny s INp+1, TN +25 - - -5 I'N”}, where Nk, Nn
are the number of known and novel classes. Only r can

are used as the teacher vectors tr = {try, tra, ..

be updated during incremental learning, while tr remains
unchanged.

For distillation constraints, updated known-class vectors
should be well-preserved, and loss functions can be designed
using cosine similarity:

I _%(1 I‘Z"tl‘l' >
o [[za]] - [[tral] )

i=1

(22)

Besides, the relative relationships among known-class vec-
tors include the distribution information of known categories,
so we constrain the similarity between pair-wise vectors:

TSi; = L T
[[txs]| - [[tr; ]| [l ] - []r;]]
Ny Ny (23)
Lrep,mat = Z Z (TSiJ - SSivj)z
i=1j=1

Thereafter, L,cp, Lyep mat are added to the optimization
objective of BSDet during incremental learning.

4 Experiments

We first evaluate each module separately. Nevertheless, our
method is not a simple combination of isolated components,
and thus module-wise metrics do not adequately capture the
performance of the full system. We consequently assess the
entire pipeline via real-world underwater experiments.

4.1 OpenSLD

The PASCAL VOC [46] and MS COCO [47] datasets are used
as benchmarks. PASCAL VOC has 20 categories, while MS
COCO includes 80 classes encompassing 20 VOC categories.
The training and validation sets of PASCAL VOC are used to
train the OpenSLD model, and then the MS COCO validation
set and the PASCAL VOC test set are used for testing. The
20 categories from VOC are treated as known classes, while
the remaining 60 categories in MS COCO are novel classes.
This experiment protocol is fully consistent with Task I
of OW-DETR [I1] and OWOD [19] for fair comparison.
Note that we do not report Tasks 2~4 like OW-DETR since
their settings are not aligned with our O*Exp pipeline. That
is, Tasks 2~4 primarily evaluate standard (non-few-shot)
incremental learning with substantial data per novel class,
(B) %47 st | Sci@pen

versity

Table 1 Open-set detection results on COCO and VOC datasets

Method WI| A-OSE | | U-Recall T | mAP T
Faster R-CNN 0.0699 13396 - 56.2%
ORE\EBUI 0.0561 12064 4.9% 56.4%
OW-DETR 0.0571 10240 7.5% 59.2%
GroundingDINO | 0.0882 14267 - 62.4%
DINO-X 0.0977 15363 - 63.7%
OpenSLD (ours) | 0.05319 8625 31.2% 56.1%

which conflicts with our intended scenario and few-shot
setting, i.e., novel classes are learned with limited samples.

During the training phase, the images are resized while
maintaining their aspect ratio, with the width or height < 1333
or 800, respectively. We use an SGD optimizer with a mo-
mentum of 0.9 and a weight decay of 0.0001. The initial
learning rate is set to 0.005xbs, where bs = 8 is the batch
size. The training process for OpenSLD spans 14 epochs,
with the learning rate multiplied by 0.1 at the 10th and 13th
epochs. More hyperparameters of OpenSLD are listed in the
Appendix.

Closed-set object detection typically uses mean Average
Precision (mAP) [
of a model on known classes. However, in open-set object

] to measure the detection accuracy

detection, it is also important to evaluate model performance
in detecting novel objects. Specifically, during evaluation,
the labels for 60 novel classes are integrated into a single
“unknown” category. First, the unknown recall (U-Recall)
[11] is used to measure the recall ability for novel objects.
Additionally, it is important to consider the issue of confusion
between known and novel objects during inference, where the
novel objects could be mistakenly detected as known objects.
For this issue, we use Absolute Open-Set Error (A-OSE)
and Wilderness Impact (WI) [8] to measure the ability to
distinguish between known and novel objects.

We compare our method with Faster R-CNN [41], ORE
[9], OW-DETR [11], GroundingDINO [48], and DINO-X
[49] in Table 1. ORE\EBUI is the ORE method with the
removal of its EBUI module, so as to avoid the need for
novel-class annotations in the test set. GroundingDINO and
DINO-X are recent open-set detectors with text prompts,
and we use known- and novel-class names as prompts for
this testing. It is noted that the open-vocabulary methods
require explicit text prompts to recognize objects. In the
context of autonomous underwater exploration, where novel
objects are often “unnamed” or “unseen” by human operators,
prompt-based models face inherent limitations. In addition,
our U-Recall is significantly higher than that of other existing
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Table 2 Ablation study of FRPN on COCO and VOC datasets

FRPN Metrics
Classification Centerness| WIJ | A-OSE | | U-Recall 1
v 0.05572 | 9020 25.7%
v 0.05762 | 9751 24.6%
v v 0.05319 | 8625 31.2%

Table 3 Ablation study of DEM on COCO and VOC datasets

DEM Metrics
L3ty Logy L¥Seaw | WIL | A-OSE | | U-Recall 1
0.06375 | 8977 23.8%
v 0.05807 | 9508 28.4%
v v 0.05362 | 9799 30.7%
v v v |0.05319 | 8625 31.2%

methods, ensuring that the AUV can autonomously flag po-
tential novelties for subsequent clustering and learning, which
is a more practical paradigm for in-the-wild deployment.
Also, OpenSLD outperforms existing methods in WI and
A-OSE, showing its capability to distinguish novel objects
from known categories, and our OpenSLD maintains on-par
detection accuracy in mAP for known classes when compared
to the traditional close-set detector Faster R-CNN.

The main difference between FRPN and RPN lies in the
use of fused semantics and localization cues for foreground
prediction. Thereby, we evaluate the performance based
on either classification, centerness, or fused method. As
shown in Table 2, the fusion method is more beneficial for
detecting novel classes. Note that the U-Recall based on
centerness is higher than that based on classification. This
is because the centerness involves localization information
with class-agnostic property, providing better generalization
to novel classes. Moreover, PLS becomes more accurate as
the performance of FRPN increases.

Table 3 presents the ablation results for DEM. It can be seen
that when DEM is neglected, the performance is poor on the
WI, A-OSE, and U-Recall. By incorporating the similarity-
based enhancement, both WI and U-Recall show significant
improvements. This indicates that the similarity-based design
effectively enhances the ability to distinguish known or novel
objects and the recall rate for novel categories. Although
A-OSE increases after similarity learning, the decreased
WI indicates that our similarity-based design is helpful.
Moreover, when energy-based enhancement is added, it can
be observed that both WI and U-Recall are further improved,
validating the effectiveness of the proposed energy-based
method. Referring to Figure 7, we calculate the Helmholtz
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Fig. 7 The distribution of Helmholtz free energy. (a) w/o energy-
based enhancement; (b) w/ energy-based enhancement. Our method
leads to discriminative energy distributions between known and
novel classes.

free energy of all samples in the test set. After adding the
energy constraint, the energy distribution of both known
and novel objects becomes more diverse, indicating that
the method can increase the data discrimination from an
energy perspective. Finally, classification-based enhancement
enhances all metrics. Specifically, benefiting from the learning
of foreground probability prediction, A-OSE is significantly
improved. Please refer to the Appendix for qualitative results.

4.2 DetClust
We set K = 20,7° = 0.7 and use the PASCAL VOC

dataset for validation. To match the usage in the O*Exp
framework, we conduct the validation of DetClust based on
BSDet. Specifically, PASCAL VOC contains labels for 20
categories, and we designate “bird, bus, cow, motorbike,
sofa” as novel classes, while the remaining 15 categories are
known classes. First, we train BSDet using the known-class
data and then extract features from novel-class images. Next,
the annotation of the novel classes is used to perform Rol
pooling on features, obtaining feature vectors of the novel-
class objects. Finally, 200 sample features from each class
are randomly selected, which are clustered using DetClust for
evaluation. The evaluation process of DetClust is illustrated
in the Appendix.

Since the cluster and ground-truth indices could be in-
consistent, we use the Hungarian matching algorithm [50]
to match the clustering results with the ground truth. Purity,
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Table 4 Comparison of clustering methods on VOC dataset

Method Cluster number | Purity 7| RI{ | F-score 1
K-means Manual 0.925 |0.943 | 0.858
HC Manual 0.905 |0.930 | 0.825
SC Manual 0.663 | 0.819 | 0.575
AP 60 (x) - - _
DBSCAN 5W) 0.767 | 0.870 | 0.696
DetClust (ours) 5W) 0.947 | 0.960 0.899

HC: Hierarchical clustering; SC: Spectral clustering;
AP: Affinity propagation; v: correct estimation.
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Fig. 8 Distribution of cluster center score across iterations. The
black points are selected cluster centers, and the color bar indicates
the score.

Rand Index (RI), and F-score are employed as the metrics.
Also, t-SNE is leveraged to perform dimensionality reduction
on sample features for visualization.

We compare the DetClust with K-means [12], hier-
archical clustering[25], spectral clustering[51], affinity
], and DBSCAN [27], as shown in Table 4. K-
means, hierarchical clustering, and spectral clustering require

propagation][

a pre-defined cluster number, whereas affinity propagation
and DBSCAN are adaptive in cluster number. Experimental
results show that DetClust can correctly estimate the number
of clusters and achieve the best metrics, demonstrating the
superiority of DetClust. Notably, when the number of clus-
ters is manually given, K-means significantly outperforms
other methods except for DetClust, indicating that the K-
means algorithm is more suitable for the features extracted
by BSDet. This also validates the effectiveness of using a
K-means-inspired fine-tuning approach in DetClust. Further-
more, compared to K-means, DetClust can estimate initial
cluster centers and measure similarity between samples based
on cosine similarity, leading to better results. Among the
methods that adaptively estimate the number of clusters, affin-
ity propagation fails to predict the correct cluster number,
while DBSCAN produces poor clustering results.

Figure 8 shows the DetClust estimation of the initial cluster
(8) it %+ 2wt | Sci@pen
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centers, where the color indicates their cluster center scores
and the black squares represent the initially selected centers.
In the first iteration, the cluster center scores are from cosine
density. As shown, the cosine density effectively indicates the
proximity of samples to the cluster center, demonstrating the
effectiveness of our design. Additionally, in each iteration,
the changes in the cluster center scores show that the selected
centers successfully suppress the scores of surrounding sam-
ples. This effectively prevents the issue of producing multiple
centers for the same class. Finally, DetClust successfully se-
lects 5 cluster centers, and the scores of all remaining samples
are below the threshold.

After selecting the initial cluster centers, DetClust opti-
mizes them based on the K-means algorithm. We refer readers
to the appendix for the visualization of K-means-based opti-
mization.

4.3 Few-Shot Incremental Learning

We use the PASCAL VOC dataset to validate the proposed
incremental learning method, which is the standardized bench-
mark for our incremental learning experiments to ensure a di-
rect and fair comparison with existing state-of-the-art few-shot
incremental learning methods. While the VOC benchmark is
relatively easy, they serve primarily for initial methodological
validation, whereas the ultimate verification of our framework
lies in the subsequent real-world underwater experiments.
Classes of “bird, bus, cow, motorbike, sofa” are set as the
novel classes for incremental learning, while the remaining
15 classes are considered as known classes. Unlike offline
incremental methods that rely on a large number of samples
[11], O2Exp evolves through autonomously discovered few-
shot samples (from 1 to 10 shots), making it a more rigorous
but practical task for AUVs. That is, we first train BSDet with
the known-class data, and incrementally update BSDet with
few-shot known and novel samples. After training, the model
is tested on the VOC test set, evaluating the mAP on known
and novel classes.

Referring to Table 5, we use the average of 1- to 10-shot
mAP as the final result (Please refer to the Appendix for
the full few-shot results.), where “KD” represents the use
of distillation loss function. This ablation study follows an
additive strategy. We first validated the effectiveness of the
distillation constraint (comparing Rows 1 and 2), which serves
as a foundational component for representation stability.
Building upon this, we systematically tuned the gradient
rescaling factors (A, A\p) to further suppress catastrophic
forgetting while allowing for efficient adaptation to novel
classes. We employed the additive ablation strategy as the two



O%Exp: Online Object Exploration in Underwater Environment 11

Table 5 Results of few-shot incremental learning on VOC dataset.
The result is the average mAP of 1- to 10-shot experiments. The first
line shows the setting of iCaRL [13].

AUV Server

(=

[

KD )\1" >\h Known—class (070) Novel—class (070) Scenario 1 Scenario 2 Scenario 3 Scenario 4
Scallop and Scallop and Polymetallic Polymetallic
X 1.0 1.0 58.0 47.1 holothurians holothurians nodules N nodules
v 10 10 592 48.3 el e el (Eesemy
v 0.5 1.0 593 49.8 incremental learning two novel classes incremental learning class
v 0.1 1.0 9.3 49.9 Fig. 9 Illustration of real-world tasks.
v 0.01 1.0 59.1 49.9
v 0.001 1.0 59.3 494
v 0 1.0 60.6 49.7
v 0 0.5 66.4 51.3
v 0 0.1 76.1 55.3
v 0 0.01 79.8 57.6
v 0 0.001 80.5 56.0
v 0 0 80.5 55.4

modules target independent aspects of the network. That is,
“KD” acts on the semantic space while A acts on the feature
space. Thus, their contributions are orthogonal and additive
rather than non-linearly coupled.

Before incremental learning, the BSDet achieves a baseline
of 80.6% on the known classes. In the first row, our baseline
iCaRL [13] does not use the proposed strategies, resulting in
the forgetting of the known-class knowledge and a decrease
in known-class mAP. After adding the knowledge distilla-
tion loss constraint (the 2nd row), the mAP on the known
classes increases, validating the effectiveness of the proposed
knowledge distillation loss. Additionally, due to the improved
ability to preserve known-class knowledge, the detector can
better distinguish novel and known classes, resulting in an
increased mAP on novel classes.

Rows 3-7 show the results under different values of \,.,
which is the rescaling factor for the gradients from the RPN
propagated back to the backbone network. It can be observed
that as A\, decreases, there is a slight improvement in the
mAP for both known and novel classes. Rows 8-12 show
the results on both known and novel classes under different
values of A, which represents the rescaling factor for the
gradients from the detection head propagated back to the
backbone network. It can be seen that as )\;, decreases, the
mAP for the known class improves significantly. When )y,
is extremely small or even zero, the mAP for known classes
remains almost the same as the baseline. Note that when )y, is
too small, the parameters of the backbone network can hardly
be updated. Despite the effective preservation of known-class
representation, it hinders the learning efficiency of novel-class
samples. The detection results with different values of A,
and )\; validate the effectiveness of the proposed gradient

Fig. 10 Object categories in real-world experiments.

rescaling. This demonstrates that reducing the gradients back-
propagated from the detection head and RPN to the backbone
network significantly enhances the preservation of feature
representations for known classes. Finally, we set A,, = 0 and
An = 0.01.

4.4 Underwater Object Exploration

We apply our O’Exp framework to object exploration in a
wild unstructured environment with an AUV platform. The
system design and task flow are shown in Figure 9. The
BlueROV2 AUV is employed for real-time data collection and
transmission; the server with an Intel Core 17-9750H and an
NVIDIA GeForce RTX 2080 is responsible for performing the
O’Exp framework. Before real-world experiments, the O’Exp
is pre-trained using the VOC and our collected underwater
data. Our dataset includes seven categories: echinus, starfish,
coral, crab, holothurian, scallop, and polymetallic nodule,
where the first four are set as known classes and the latter
three are set as novel categories (see Figure 10). During
training, only known-class data is used to train detectors. See,
we Figure 9, we design four experimental scenarios to verify
that the O*Exp can continuously explore novel classes and
perform incremental learning.

During online exploration, object detection and model
update run in parallel. The BSDet and OpenSLD can run at
25FPS for online object detection. DetClust and incremental
learning take approximately 300 seconds, so we set the update
period 7P = 300. During this time, the detectors collect
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Fig. 12 Pseudo-labels produced by OpenSLD and DetClust in
Scenarios 1 and 3.

data and retain samples with high confidence. Subsequently,
DetClust generates labels for incremental learning to optimize
and update model parameters. While incremental learning
is ongoing, the detectors can synchronously perform the
detection task.

The O?Exp includes two detectors: an open-set OpenSLD
and a closed-set BSDet. During the underwater exploration by
AUYV, only BSDet is involved in incremental learning, while
all parameters in OpenSLD remain unchanged. Therefore, in
all scenarios, the detection results of OpenSLD only include
five classes: echinus, starfish, coral, crab, and novel class.
On the other hand, BSDet can detect echinus, starfish, coral,
crab, and multiple novel classes that have been incrementally
learned.

In Scenario 1, the detection results of OpenSLD and BSDet
are shown in Figure 11. It can be seen that OpenSLD is able
to detect holothurians and scallops as novel-class objects.
However, since BSDet has not yet learned these categories, it
cannot detect either of them.

Then, the novel-class features are clustered using DetClust.
Referring to Figure 12, holothurians and scallops are an-
notated as novel classes based on the DetClust results. By
combining the results from Figure 11 and 12, the annotations
for known and novel classes in Scenario 1 are obtained. These
labeled images can be used as training samples for incremen-
tal learning. The detection results in Scenario 1 validate the
effectiveness of O’Exp in the detection and subdivision of
novel classes.
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Fig. 13 Detection results of BSDet in Scenarios 2 and 4 after
few-shot incremental learning.

After incremental learning, O*Exp can perform object
exploration in Scenario 2, as shown in Figure 13. As BSDet
has already learned samples of holothurian and scallop in
Scenario 1, it successfully detects them as novel classes in
Scenario 2. Additionally, the known classes, e.g., crab and
coral, can still be detected after incremental learning. It is
noteworthy that corals did not appear in Scenario 1, so coral
samples are absent in incremental learning. Nevertheless, BS-
Det can maintain the ability to detect corals after incremental
learning. The results in Scenario 2 validate the effectiveness of
the incremental learning method, demonstrating that BSDet
can preserve the knowledge of known classes while learning
novel knowledge in the meantime.

We perform experiments in Scenarios 3 and 4 with poly-
metallic nodules as the novel class, as shown in Figure 11-13.
In Scenario 3, OpenSLD detects nodules and holothurians
as novel classes, while holothurians are detected as known
objects by BSDet. As a result, only nodules are selected as
novel-class samples. After incremental learning, BSDet can
detect nodules as another novel category.

The results from Scenarios 1 to 4 demonstrate O’Exp can
continuously explore novel-class objects and learn novel-class
knowledge. This enables the AUV to accomplish autonomous
visual perception in online object exploration tasks. Please
refer to our supplementary video for adynamic demonstration.

5 Conclusion and Future Works

This paper focuses on online object exploration for underwa-
ter environments and breaks this task into open-set detection,
fine-grained novel-class subdivision, and incremental learn-
ing. We also propose the O>Exp framework for this challenge.
First, an OpenSLD method is proposed for detecting novel-
class objects with semantics and localization cues. Second, a
DetClust method is proposed to enable the adaptive determi-
nation of cluster numbers and the subdivision of novel-class
objects. Third, gradient rescaling and knowledge distillation
strategies are designed, allowing the detector to preserve
base-class knowledge during incremental learning. Extensive
experiments on public datasets and real-world environments
demonstrate the effectiveness of the proposed framework,
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showing that the AUV can effectively perform the online
object exploration task in unstructured underwater scenarios.
In the future, we will investigate more real-world applica-
tions with the O?Exp framework. Besides, we plan to improve
the O”Exp framework using an open-vocabulary paradigm.
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